Continuous deformation and dislocation of soft tissues in the abdominal and thoracic region presents a major issue for effective targeting of all non-invasive ablative modalities such as radiotherapy/surgery and Focused Ultrasound Surgery. Most significant among these is the movement of the target organs due to physiological processes such as respiration. The movement is found to be most significant for liver and kidneys. We studied movement and compensation strategies with the aim to implement them during ultrasound ablation using our robotic system for targeted FUS dose delivery. The motion pattern of the liver can be assumed to be in a single plane as it closely follows the movement of the diaphragm. However, the movement of kidneys is three dimensional and follows complicated patterns. Kidney motion is highly subject specific and has poor repeatability. In our research, we quantify the relation of liver movement and the breathing pattern so as to achieve real-time movement compensation using a predictioncorrelation approach.
Introduction
Intra-operative organ movement due to respiration is a major challenge in non-invasive surgery (NIS). The effect of respiration induced movement in upper abdominal organs has been studied using various imaging modalities including ultrasound (Davies et al. 1994) , Computed Tomography (Gwynne et al., 2009) and Magnetic Resonance Imaging (MRI) (Bussels et al., 2003) and it was reported that the extent of respiratory movement is largest in the liver followed by the kidney and the pancreas. These movements affect the targeting accuracy of non-invasive techniques and hence must be accounted for in the treatment planning phase.
Early attempts to model respiratory liver movement used statistical convolution (Lujan et al., 1999) . Subsequently, several techniques such as multi-step linear methods (MULIN), support vector regression (Ernst et al., 2008 (Ernst et al., , 2009 and multi-frequency Extended Kalman Filters (EKF) (Ramrath et al., 2007) were proposed for respiratory movement modelling. It must be noted that these techniques were not specific to any organ; instead they modeled the external respiratory movement reconstructed from the position of skin markers. A comprehensive discussion and comparison of these approaches can be found in a review by Ernst et al. (2013) . A prediction-correlation technique for kidney movement modelling was proposed by Abhilash et al (2012 Abhilash et al ( , 2013 . This approach intuitively accounts for subject specificity and variations in the breathing pattern.
In this paper we propose a technique for liver movement modeling along with a technique for skin marker correlation. In the context of robotic Focussed Ultrasound Surgery (FUS) the former compensates for system latency while the later compensates for the lack of real-time image feedback. The model derived in this study can be used as the input to various movement compensation and control schemes such as those suggested by Schweikard et al. (2000) , Chauhan et al. (2007) and Sindel et al. (2015) .
Methodology
The movement modelling method proposed in this paper consists of liver movement modelling and skin marker correlation while the results for kidney motion estimation and correlation were published elsewhere (Abhilash and Chauhan, 2012 Chauhan, , 2013 .
Liver movement modelling
In this study we propose two approaches for modelling the liver movement. The first approach uses a predictive model consisting of an asymmetry shape function and a shape function. The second is a model-free approach that uses Adaptive Neuro Fuzzy Inference System (ANFIS) (Jang et al., 1993) .
Model based approach for liver movement
If we define S(t) as a shape function and A(t) as an asymmetric function that models the asymmetry in respiration, the position of the liver p(t) at a time t can be modelled as follows:
Weighting constants c1 and c2 are chosen so as to fit the liver movement pattern of the test target. The functions S(t) and A(t) can be modified to fit the movement pattern over a given signal history for the test subject. As mentioned in Abhilash and Chauhan (2013) , organ positions thus obtained can be fine-tuned using Extended Kalman Filters (EKF) and Unscented Kalman Filters (UKF). The reader may refer to their paper for the detailed formulations of EKF and UKF techniques used for such modeling.
Model-free movement prediction using ANFIS
ANFIS combines the learning capability of neural networks (NN) with the flexibility of fuzzy logic inference using a five layer Takagi-Sugeno (TS) model such as the one suggested by Jang (1993) . Our second approach for movement estimate and prediction uses ANFIS which predicts the organ position based on a priori knowledge (previous measurements on the subject).
Liver positions measured at previous instances of time [ ( ), , . . , ( )] are used as inputs to the multi-layer neural network which estimates the liver position p(t+L) over a prediction horizon L. A schematic representation of the movement prediction scheme using ANFIS is shown in Fig.1 . 
Skin marker correlation
A correlation model is proposed to find the optimal mapping f(s(t)) between the liver postion p(t) and the skin marker position s(t) which can be represented as:
The error in prediction e(t) is calculated after k samples are obtained by measuring the organ positons:
As in the case of the predictive model, the free parameters and are tuned to fit the individual subjects by minimizing the error ( ) .
The correlation model can be iteratively updated after every k samples based on the error value, thereby preventing over-fitting. The liver position obtained from the correlation model can also be fine-tuned using ANFIS as shown in Fig.2 . In this case, the predicted position p(k) and measured position z(k-L) are used as inputs to the neural network. 
Simulation results
The physical model developed in this study is able to simulate predicted liver position predominantly in the cranialcaudal axis; however, the model also replicates motion in lateral-medial and anterior-posterior planes consequently. Our model is inspired by the results obtained during previous investigations in to the liver movement by the University of Heidelberg and cancer research Centre, Germany, who studied three porcine and human liver organs in order to develop a respiratory liver motion simulator (Muller et al., 2007) , as well as by Rohlfing et al. (2004) who examined the deformation of liver during respiration. Based on results by the former investigations for human liver, the dominant axis of motion (in the cranial-caudal direction) was 14.24±4.87mm; and 1.08±2.11, 0.36±1.01 in the anterior-posterior and lateral-medial directions respectively. Furthermore, Rohlfing et al. (2004) determined the motion of liver to be in the range between 12-26 mm in the cranial-caudal plane, 1-12 in the anterior-posterior and 1-3 in the lateral-medial plane. These results confirm that the dominant component of liver motion lies in the cranial-caudal plane as we mentioned earlier.
Based on the data obtained from previous studies, an envelope to constrain liver position was determined during our investigation. The envelope for liver position was obtained as shown in the following 
Mathematical model to simulate liver position
In kinetic point of view, motion profile of liver can be assumed to be oscillatory. By incorporating Newton's first law of motion together with the assumption of the motion profile, the position of liver is modelled by the following equation, which represents an oscillatory motion profile:
where x(t) is the position of the liver, as a function of dmax, the amplitude of motion of the liver, -frequency of respiration and , the initial positional offset of liver. The frequency of respiration ( ) is determined by considering the respiration rate of an individual test subject. For an average person, breathing rate is about 15-20 breaths per minute.
The period of one breathing cycle is calculated by determining the inverse of the breathing frequency. Furthermore, the initial position of liver has an offset from the centre of oscillation, which could be determined as:
Based on the above mentioned positional analysis and calculating the derivative of the positional envelope, the velocities of the liver were obtained in the three anatomical planes, as shown in Fig.3 . 
Conclusions
Respiration induced deformation and dislocation of soft tissues in the abdominal and thoracic region is undesirable during effective targeting and ablation using focused ultrasound surgery. Such motion and dislocation is found to be most significant for liver and kidneys among all thoracic organs. This could be due to the effect of various factors such as the respiratory movement, heart-rate, diaphragmatic movement and the movement of the ribs. Inhalation and exhalation causes chest cavity and diaphragm to expand and contract, providing space for lungs to increase/decrease its volume. Intermediate forces acting between lungs and diaphragm interface create a positive external force on the superior surface of liver.
We studied movement and compensation strategies for kidneys as well as liver and their interaction with other organs as a source of this induced movement (such as lungs and the heart). The motion pattern of the liver can be assumed to be in a single plane as it closely follows the movement of the diaphragm. In this paper, we attempted to quantify the relation of liver movement and the breathing pattern. The values thus obtained would help predicting physiological motion and achieve real-time compensation of such movements using a prediction-correlation approach (Abhilash and Chauhan, 2013) . The effort is to estimate the latency period for the ultrasound wave propagation in order to reach the mobile target region (in the moving organ) with high precision and accuracy, thereby avoiding undesirable damage in the overlying adjacent regions. In near future, we aim to investigate other associated aspects such as the image and patient registration, movement control strategy to synchronize the movement of the therapeutic system, applicator design and synchronous robotic interventions for energy deployment.
